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Hybrid cross-domain joint network for sketch-based image retrieval

LI Qizhen', ZHOU Yuan®, LI Chuo’, PENG Yinan®, LIANG Xianming'

(1. Tenth Institute of China Electronics Technology Group Corporation, Chengdu 610036, China;
2. School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: Sketch-based cross-domain image retrieval ( SBIR) uses a sketch as query to retrieve the most similar
image from the color image database. In this study, in order to better fuse the features from sketch and color image,
a hybrid cross-domain joint network for sketch-based image retrieval was proposed, consisting of a sketch feature
extraction branch and a color image heterogeneous feature fusion network branch. The network extracts the feature
representations of sketch, positive and negative color image, and corresponding edge outline, and fuses the features
of the color image and its sketch approximation (the edge outline of the color image) as the color image feature,
which bridges the cross-domain gap between sketches and images. The network model parameters and network
structure were further explored to optimize the purposed algorithm. Experiment on Flickr15K dataset shows that the
proposed method performed better than other advanced image retrieval methods. The mean average retrieval
accuracy of the proposed method was 0. 584 8, which was 0. 052 2 higher than the optimal value in other methods.
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Fig. 1 Structure of hybrid cross-domain network
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Fig.2  Structure of heterogeneous fusion network
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Tab. 1  Detailed structures of two branches in heterogeneous
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fusion network

o) 2%
2 R &L/ R P A
BRIUN  FihEEg BRORN
Convl 16 x16 64 11 x11 96
MaxPool 3x3 3x3
Conv2 6 x6 128 5x%x5 256
MaxPool 3x3 3x3
Conv3 3x3 256 3x3 384
Conv4 3x3 256 3x3 384
Conv5 3x3 256 3x3 256
MaxPool 3x3 3x3
FCo6 7x7 4 096 6 x6 4 096
FC7 1x1 4 096 1 x1 4 096
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Fig. 6
Flickr15K dataset ( The images with boxes are wrongly
retrieved. )
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Fig.7 Network structure of different shared layers
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Fig.9  Two different feature fusion methods in heterogeneous

fusion network
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Fig. 10 Examples of re-ranking results of query expansion ( The

images with boxes are wrongly retrieved. After the re-

ranking process, the retrieval results are corrected. )
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